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ABSTRACT

There is a significant challenge in identifying prominent users in OSNs uses in a variety of contexts. Various techniques have been

presented for determining user community leaders in OSNs. The well-known cases of Page Rank and HITs identify key opinion
leaders using link analysis. A number of recently developed models take into the material and the social media connections have
been built up. Core Competency and Subject Matter Expertise the Hub and Spoke Analysis Toolkit Hub Authority Topic (HAT) is
a model that builds on the HITS system by using learning communities, authoritative sources, and user-generated interest topics
content. Many of the current studies, however, are restricted to only identifying important users. Amongst the nodes of the same
OSN. Their inability to learn was directly related to the presence of many OSNs. People of note into one too generic category that
ignores common themes and preferred media. Our plan is to compare MPHAT to current best practises in three areas: subject
modelling, platform selection prediction, and link recommendation. With the help of MPHAT, an extension of HAT, we can model
not just subject matter specialists but also those who often visit hubs dedicated to that topic, and their favourite platforms.
Extensive experiments across different OSN environments, mostly with simulated data sets and the real-world Twitter and
Instagram datasets, demonstrate that MPHAT can compete with and significantly outperform state-of-the-art classification
techniques in learning topics within the context of platform prediction and link recommendation activities. We also provide
actual evidence demonstrating MPHAT's capacity to locate central nodes in a network, whether it a single OSN or a collection of
them.

Keywords: OSN,MPHAT, Twitter,instagram HAT.

1. INTRODUCTION users. These platforms, with the vast volumes of data

Numerous OSNs, including social media sites like
Facebook, Twitter, and Instagram, have seen meteoric
rises in user engagement and popularity in recent years.
Comparatively, as of August 2017 [1], Facebook has over
2 billion monthly active users, while Instagram and

Twitter each had roughly 700 million and 300 million

they create in the social and informational spheres, have
become useful tools for marketing initiatives such as the
distribution of advertising messages and the promotion
of new products. That's why using OSNs to determine
your most valuable customers is crucial for your

marketing campaigns. Numerous research have offered
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advice on how to locate influential individuals on OSNs.
In the literature [2, 3, 4, 5], many metrics of network
centrality are addressed as a means of assessing a user's
degree of influence inside a social group. To identify
influential users in OSNs, several publications [8, 9, 10]
have adapted methodologies like HITS [6] and Page
Rank [7], which were originally created to identify hub
and authority websites by analysing the link structure of
a web graph. However, prior initiatives either don't
focus on the problem at hand or can only identify key
participants in a certain OSN. Investigating the profiles
of the most prominent users on each OSN service will
reveal which individuals have the most sway in that
community. To demonstrate the benefits of topic
specialisation, we will compare the ego networks of two
users (ul and u2) who are otherwise similar. HITS will
rate ul_ and u2 as hubs and authorities in a similar
fashion. This is because it is more likely that ul and u2
are authoritative users on food-related and political
subjects, respectively, if ul is a well-known food content
provider followed by many food-loving users and u2 is a
well-known politician

followed by many

political-interested users. Expertise in the unique
characteristics of OSNs is necessary for identifying
important persons across networks. One user, u3, may
be highly active in OSN p1 (where they post often about
food and attract a large audience) but less so in OSN p2
(where they post frequently about other topics and
attract a smaller audience) (where they post less content
and create fewer connections). While u3's fame as a food
business specialist in the OSN community is extensive, it
is more in pl than in p2. In order to be successful,
applications like social sensing, viral marketing, and
social recommendation must have users who are both
influential and fundamental to the application's themes
and interfaces. One possible solution to the cold-start
issue in social recommendation [11] is to propose that a
user u on a platform p follow other users on p who are
highly authoritative on topics that u is interested in. A
similar advertising strategy might include recruiting
popular members of target demographics to assist
disseminate campaign materials and boost brand
awareness [12]. In order to stay abreast of social
movements, you may choose to follow people who serve
as hubs or authorities on a wide range of channels and
topics [13]. Our mission is to back up those that serve as

hubs for OSNs by becoming subject matter or platform

experts. Applying existing topic-specific hub and
authority models (for HAT [14]) to a large number of
OSNs one at a time and then comparing the lists of top
topical authority and hub users uncovered in each OSN
is one simple approach to do this. It may be challenging
to make meaningful comparisons between a user's hub
and authority across OSNs if they study in isolation
The

incomparability of latent themes acquired from separate

throughout the network. issue of the
OSNs may be resolved by consolidating all of the
existing OSN datasets into a single one from which
subjects, hub scores, and authority ratings may be
retrieved. To utilise HAT on a dataset consisting of
user-generated posts and links from several OSNs, such
as pl and p2, it is necessary to merge the records from
each of these sources into a single one. The method
assumes that u always has the same hub and authority
scores, which is a serious issue. In other words, if u is
considered food-savvy on platform pl, she will also be
considered such on platform p2. Still, there are situations
when one medium outperforms the other. Therefore, we
provide the Multiple Platforms Hub and Authority
Topic (MPHAT) model, which simultaneously considers
users' topical interests, platform choices, hub and
authority ratings for particular themes, and all of these
data. To start, we develop a system that can generate
information and links for users across several OSNs

automatically.

2. PROPOSED SYSTEM

Our research endeavours to create a model of OSN hub
and authoritative users based on their knowledge base
and chosen medium. Easy first steps include applying
topic-specific hub and authority models (like HAT [14])
to many OSNs independently and then comparing the
lists of top topical authority and hub users discovered in
each OSN. Although it is possible to compare users' hub
and authority across OSNs, doing so might be
challenging due to the fact that people studied in
isolation on various platforms may not be comparable.
Merging datasets from these networks and then learning
the users' subjects, hub, and authority ratings from the
combined dataset is another possible method for
overcoming the incomparability of latent themes
collected from the various OSNs. We may join the post
and link datasets from OSNs p1l and p2 and then apply

the user's HAT on the combined dataset, as an example.
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This method has a significant limitation in that it
presumes that the hub and authority ratings on both
that

acknowledged as a skilled cook on platform pl, she

platforms are identical. It follows if u is
would be similarly acknowledged on platform p2. The
statistics does not back up this supposition. We propose
the MPHAT model to find users' subject passions, which
we hypothesise may be more popular on one platform
than another. Access to Subject-Matter Centers, System
Experts, and More, Consolidated Into a Single Location.
We begin by formulating a method for creating content
and connections from the perspective of a broad range of
OSNs and their users. Last, we detail MPHAT's
parameter learning process. We conduct studies on
real-world datasets as well as synthetic datasets to assess
MPHAT. We run experiments on a real-world dataset to
evaluate MPHAT on three criteria: I its ability to learn
topics from user-generated content; (ii) its ability to
predict the platform choice of users' publish post; and
(iii) its ability to recommend topical influential users
across platforms via link prediction in a multiple OSNs
setting. We test MPHAT on synthetic datasets to see how
well it can recover the topical hub and authority that

users have curated for their respective platforms.

3. MODULE DESCRIPTION

OSN Server

In this module, the Service Provider must provide a
valid login ID and password to access this section.
Following a successful login, the user will be granted
access to various features. These features include:
viewing all users and authorising them, viewing friend
requests and responses, viewing all user posts, viewing
all recommended post details, viewing all hidden topic
details, and viewing all score results for posts.

View and Authorize Users

In this module, When an administrator logs in, they will
see a list of all users. Here, the administrator may see the
user's credentials (such as name, email, and physical
address) and provide access to the user.

End User

In this module, n is the total number of users. Users need
to sign up first before they can do any actions. Individual
information provided by users upon registration will be
saved in a database. After his successful registration, he
will be prompted to log in using his username and

password. As soon as the user has successfully logged in,

they will be able to do actions such as creating a profile,
seeing other users and following those that interest
them, checking out their friend recommendations, and

perusing their own friend lists, among other things.

4. ALGORITHM

Stepl.Let number of iterations be k.

Step 2.Each node is assigned a Hub score =1 and an
Authority score = 1.

Step 3.Repeat k times:

Step 4.Each node’s Hub score =) (Authority score of
each node it points to).

Step 5.Each node’s Authority score =) (Hub score of
each node pointing to it).

Step 6. In order to standardise the results, divide each
Hub score by the square root of the sum of the squares of
all Hub scores, and similarly normalise the Authority
scores by the square root of the sum of the squares of all

Authority scores.

5. PROPOSED SYSTEM ARCHITECTURE

In order to access the system, the Service Provider must
provide a valid login name and password. Following a
successful login, the user will be granted access to
several features. These features include: seeing all users
and authorising them, viewing friend requests and
responses, viewing all user posts, viewing all
recommended details, viewing all hidden topics, and
viewing all score results. Users who have signed up may
be seen by the administrator. Here, the administrator
may check out data like the user's name, email, and
physical address, and provide access to the users as
needed. It's estimated that n people are now online.
Users need to sign up for an account before they can do
any actions. Upon successful registration, a user's
information will be added to our database. To access the
site after a successful registration, he will need to enter
his username and password. After a successful login,
users may do actions like as creating an account, seeing
other users and following them, viewing their friend
lists, adding posts, viewing their own posts, searching
for posts, viewing the posts of their friends, and viewing

recommended posts.
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Figl: Proposed System Architecture

6. EXPERIMENTAL RESULTS

Fig3: OSN Server Home Page
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Fig6: User Upload Posts
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Fig7: User View Uploaded Posts

7. CONCLUSION

We introduce the Multiple Platform Hub and Authority
Topic (MPHAT) model, a novel generative framework
for modelling users' topic-specific hub authority,
interests, and preferred platforms simultaneously. We
tested MPHAT using both simulated and real-world
data, and compared our results to the gold standard. We
test our proposed MPHAT on Twitter and Instagram
datasets and show that it outperforms LDA and achieves
results on par with TW LDA in topic modelling. MPHAT
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beats the TW LDA baseline method when trying to
predict where a user would share their content. MPHAT
boosts MRR by 10% relative to the best existing link
suggestion methods. The empirical results demonstrate
that MPHAT can successfully identify authoritative sites
on Twitter and Instagram across a broad variety of
themes. We also show via simulated studies that our
suggested model is superior to the reference technique in
locating authority and hub users in many OSNs.
Additional research is needed to include generic user
interactions into our model. However, people may opt to
follow one another for social as well as topical reasons,
which is something we don't take into account in our

current method (e.g., they are friends).
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